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Abstract

This research proposal describes a cross-
disciplinary project aimed at developing Digital
Twins (DTs) of Alzheimer’s Disease (AD) us-
ing Language Models (LMs). By mimicking
the functional deficits observed in individuals
with AD, these DTs will serve as tools for early
detection and understanding of disease progres-
sion. Several approaches to altering the LM
will be explored, and the resulting effects on
brain score — an evaluation of the correlation
between brain activity and the LM’s internal ac-
tivations — will be studied. Detection models
will be trained based on each approach; these
models will be compared against themselves
and the state-of-the-art. Two converging lines
of evidence motivate this work: LMs achieve
high accuracy in classifying AD from speech
transcripts, and their internal representations
correlate significantly with human brain activ-
ity during language processing. If successful,
this project could lead to significant advance-
ments in the early detection and monitoring of
AD, ultimately improving patient outcomes.

1 Introduction

Alzheimer’s Disease (AD) is a neurodegenerative
disorder primarily affecting the elderly, character-
ized by memory loss and cognitive decline (Man-
dell and Green, 2011). Despite decades of research,
AD and, by extension, Mild Cognitive Impairment
(MCI) remain difficult to detect before late stages,
hindering treatment efficacy. Developing detection
methods and monitoring tools is key to improv-
ing patient outcomes (Frisoni et al., 2021). Nu-
merous solutions spanning different fields have al-
ready been explored. Neurobiologically informed
approaches focus on the analysis of brain activity
to distinguish notable effects of the disease (Alar-
jani and Almarri, 2024). Natural Language Pro-
cessing (NLP) approaches focus on the study of
language impairment, which has been shown to be
relevant even at an early stage (Verma and Howard,

2012). In addition, screening techniques meant to
rapidly obtain an assessment of cognitive function
have been developed, such as Mini-Mental State
Examination (MMSE) (Arevalo-Rodriguez et al.,
2021) or Montreal Cognitive Assessment (MoCA)
(Nasreddine et al., 2005).

NLP approaches using transformer techniques
reach accuracy as high as 85% on transcript (purely
text-based) classification between healthy con-
trols and individuals with AD. Huth et al. (2016);
Schrimpf et al. (2020); Caucheteux (2023) recently
established that for a given language task, activa-
tions inside Artificial Neural Networks (ANNs) of
Transformers resemble the neural activity in the
human brain. However, it remains unclear whether
the internal representations of Transformer-based
detection models bear any meaningful resemblance
to the neurocognitive alterations observed in indi-
viduals with AD. This gap is significant: if LMs
trained on AD data encode changes that are aligned
with human neural activity, they could serve not
only as classifiers but as interpretable models of
cognitive degradation, potentially contributing to
our understanding of the disease. On the other hand,
if their success is purely statistical, relying on tex-
tual patterns without deeper cognitive alignment, it
opens new opportunities to refine these models for
better interpretability and clinical relevance.

Yet, at present, there is no empirical evidence
connecting the internal state changes of high-
performing AD detection models to the known
functional alterations of the human brain activ-
ity seen in AD (Greicius et al., 2004; Verma and
Howard, 2012). This disconnect raises a funda-
mental question: do current LMs that succeed in
AD detection actually simulate the disease in any
cognitively meaningful way?

This study proposes a novel method for early
detection and progression monitoring of AD by
using altered LMs. We hypothesize that if we al-
ter LMs such that their activation patterns mimic
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the neural activity patterns of individuals with AD,
they will also share similar language deficits and
vice versa. From this perspective, our goal is there-
fore to create Digital Twins (DTs) that accurately
model the activation function of the individual’s
brain and could be used to detect, monitor, and
open opportunity windows to treat AD. The LM’s
cognitive degradation will be monitored via the
MoCA screening test. Brain score (Schrimpf et al.,
2021) will be used to monitor the similarity be-
tween brain and ANN.

We expect to achieve competitive performance
in the detection of AD while offering new monitor-
ing capabilities. We aim to match and potentially
outperform the current state-of-the-art. Partially
altered models (see Figure 3) will be leveraged to
improve the detection pipeline.

1.1 Research Questions
• RQ1: To what extent can a LM’s cognitive and

linguistic performance be evaluated to charac-
terize model degradation during alteration?

• RQ2: To what extent does simulating cogni-
tive decline through network alterations affect
LM performance, and how does this relate to
AD detection capability?

• RQ3: Can altered LM help monitor the pro-
gression of AD for specific individuals?

2 Related Work

2.1 AD and MCI screening
To provide quantifiable targets for automatically
detecting AD and MCI, researchers notably rely
on cognitive screening techniques, such as MMSE
or MoCA. MMSE is designed to assess the overall
mental function of the patient (Arevalo-Rodriguez
et al., 2021); it is used to screen for cognitive im-
pairment and track changes over time. It consists of
a questionnaire evaluating key cognitive domains,
including orientation, attention, memory, language,
and visual-spatial skills. It is a widely used ap-
proach yet it has known limitations: it cannot be
trusted to detect MCI; in other words, it cannot be
trusted for early AD detection. MoCA was pro-
posed as a response to this limitation as it is better
suited to screen patients with mild cognitive com-
plaints (Nasreddine et al., 2005). It follows the
same format as MMSE with a total of 30 questions
and as many available points. Nevertheless, neither
of these tests is sufficient to establish a diagnosis

of AD or MCI on their own; they are meant to be
used as part of a comprehensive assessment that
includes clinical evaluation, medical history, and
other diagnostic tests.

2.2 Language-based detection of AD

DementiaBank1 is one of the most widely used
collections of datasets for AD detection from lin-
guistic data. One of its most notable entries, the
ADReSS (Luz et al., 2020) challenge, provides a
standardized benchmark for evaluating detection
models. The ADReSS dataset contains 156 audio
recordings of picture descriptions from both indi-
viduals with AD and healthy controls, along with
their corresponding transcripts, demographic infor-
mation, and cognitive scores (MMSE). The chal-
lenge has attracted significant attention from the
research community, leading to the development
of various models; it is now widely used across
studies as a shared benchmark (Luz et al., 2021).

Various studies have explored the use of NLP
techniques to analyze speech and text data from
individuals with AD (Qi et al., 2023; Yang et al.,
2022). They have shown that certain linguistic
features, such as semantic impairment, acoustic ab-
normality, syntactic impairment, and information
impairment, can be used to distinguish between
individuals with AD and healthy controls (Fraser
et al., 2016; Thomas et al., 2005). Researchers have
also highlighted the potential of using verbal utter-
ances to detect MCI (Padhee et al., 2020; König
et al., 2015; Hernández-Domínguez et al., 2018).

Deep Learning (DL) models are becoming the
new standard for most NLP tasks. More specif-
ically, the Transformer architecture proposed by
Vaswani et al. (2023) introduced new capabilities
for processing sequential data that led to significant
improvements in virtually all NLP benchmarks.
These models are based on the attention mecha-
nism, which allows them to capture the context and
meaning of words in a sentence more effectively
compared to previous recurrent architectures such
as LSTM (Hochreiter and Schmidhuber, 1997) or
GRU (Cho et al., 2014). The Transformer architec-
ture has been used to develop a variety of LMs such
as BERT (Devlin et al., 2019) or GPT-2 (Radford
et al., 2019) and is still the basis of most recent
models.

To avoid the need to train LMs from scratch,
researchers relied on fine-tuning, a strategy that

1https://dementia.talkbank.org/
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limits the scale of the required training set by re-
lying on a pretrained model. Fine-tuning has been
leveraged to specialize existing models in learning
features relevant to speech in individuals with AD
(Balagopalan et al., 2020, 2021; Pan et al., 2021;
Ding et al., 2024; Chi et al., 2025). Balagopalan
et al. (2020) demonstrated that a fine-tuned BERT
model outperformed traditional Machine Learning
(ML) models on the ADReSS test set, achieving ac-
curacies of 83.3% and 81.3%, respectively. Li et al.
(2022a) proposed GPT-D, a GPT-2-based model
that improved the state-of-the-art accuracy to 85%
— our target to match.

2.3 Neuroimaging-based detection of AD
Researchers aim to identify biomarkers that can
aid in the diagnosis and monitoring of disease pro-
gression. functional Magnetic Resonance Imaging
(fMRI) is an imaging technique that measures brain
activity by detecting changes in blood flow. It is
based on the principle that when a brain region
is more active, it consumes more oxygen, leading
to an increase in blood flow to that region. This
change can be detected, allowing the mapping of
brain activity in response to various tasks or stim-
uli (Logothetis et al., 2001). Compared to other
neuroimaging techniques, fMRI is (I) functional,
implying that it can be used to monitor changes
in activity in the brain, not its structure, and (II)
time-based, meaning that it captures 4-dimensional
data (3D space + time), allowing the capture of the
dynamic aspect of brain activity. In the context
of AD, functional changes are expected to appear
before structural changes, making fMRI more rele-
vant for early detection of the disease (Dennis and
Thompson, 2014).

The use of Magnetic Resonance Imaging (MRI)
(including fMRI) to study the brain activity of in-
dividuals with AD has been explored for a couple
of decades (Grossman et al., 2003; Domoto-Reilly
et al., 2012; Alarjani and Almarri, 2024). Some
regions of the brain are of particular interest when
studying AD. As an example, the Default Mode
Network (DMN) (Greicius et al., 2004) is a net-
work of brain regions that are active when the brain
is at rest and not focused on the outside world. It
includes the medial prefrontal cortex, posterior cin-
gulate cortex, and angular gyrus. Its disruption has
been linked to cognitive decline in AD. The anterior
temporal lobe (ATL) (Verma and Howard, 2012)
is involved in semantic memory and language pro-
cessing; its dysfunction is associated with language

impairments observed in individuals with AD.
Cha et al. (2013) studied the functional alteration

patterns of the DMN in normal aging, amnestic
Mild Cognitive Impairment (aMCI), and AD. They
found that the DMN showed significant functional
alterations in both aMCI and individuals with AD
compared to individuals with normal aging, yet
these alterations were more pronounced, and some-
times unique to, individuals with AD compared
to individuals with aMCI. This implies that the
functional alterations in the DMN could serve as
potential biomarkers for distinguishing between
normal aging, aMCI, and AD.

2.4 LMs as Cognitive Models
Huth et al. (2016); Schrimpf et al. (2020);
Caucheteux (2023) investigated the use of LMs
as cognitive models, suggesting that transformer-
based architectures can capture aspects of human
cognition. Schrimpf et al. (2021) demonstrated
that leading transformer models can account for
nearly all explainable variance in neural responses
to sentences, generalizing across multiple datasets
and neuroimaging modalities such as fMRI and
electroencephalography (EEG). In other words, the
patterns of activity observed in human brains can be
almost perfectly predicted by the activations within
transformer-based models. This means that the
model’s internal representations of words, syntax,
and meaning align with the neural representations
observed in human language areas. The fact that
this generalizes across different datasets and mea-
surement techniques indicates that these models
capture, to some degree, biologically relevant prin-
ciples of language. Nevertheless, it is important
to note that while these models can predict neural
responses, they do not replicate the full complexity
of human brain function. Thus, there are some lim-
itations to their use as cognitive models that still
need to be explored and documented (Gauthier and
Levy, 2019; Caucheteux and King, 2021).

To measure the similarity between LM and
brain activity, researchers introduced the concept
of "brain score", which quantifies the correlation
between the activations of an ANN and the neu-
ral activity recorded from the brain when process-
ing the same sentences (Schrimpf et al., 2018). It
is computed by fitting a linear model to predict
the brain activity of one Region of Interest (ROI)
— defined as a set of voxels which are the small-
est units of analysis in MRI — given the activa-
tions of an ANN as input (see Figure 1). This
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approach allows researchers to identify which lay-
ers of the LM are most similar to brain activity
and to explore how different architectural choices
affect this similarity. Brain score tests how well a
simple linear mapping from these layer represen-
tations can predict neural activity recorded during
the same language input. Empirically, predictivity
tends to improve from early to middle layers and
then plateaus or declines (Schrimpf et al., 2021;
Caucheteux et al., 2022). Moreover, different lay-
ers emphasize distinct linguistic functions: syntax-
dominant information aligns more with superior
temporal regions, whereas semantic/compositional
information aligns with inferior-frontal and parietal
areas and extends toward the ATL. To obtain such
results, Caucheteux et al. (2021) had to demon-
strate that the semantic and syntactic components
of GPT-2 activations could be isolated and that their
brain scores could be computed separately.

2.5 Digital Twins in Biomedical Research

Laubenbacher et al. (2024) provides a comprehen-
sive overview of the concept of DTs in biomedical
research. They define a DT as a virtual representa-
tion of a physical entity that can be used for sim-
ulation, analysis, and optimization. DTs can be
used to model complex biological systems, such as
organs or diseases, and to simulate their behavior
under different conditions. DTs have the potential
to improve our understanding of biological systems
and to develop new treatments and therapies. Wu
and Koelzer (2024); Ashraf et al. (2024) explore
the use of generative models, such as GPT-2, as
DTs in biomedical research, yet the specific use of
LMs as brain activity models is still to be explored,
especially in the context of AD.

GPT-2 has been shown to yield its highest brain
predictivity within the bilateral superior and mid-
dle temporal cortices, extending into the ATL
(Caucheteux et al., 2021, 2022). Thus, this region is
simultaneously a clinically relevant target for mon-
itoring emerging semantic impairment and a locus
where modern predictive language models achieve
strong brain-model correspondence, highlighting
the potential of LMs as DTs of brain activity in the
context of AD.

LM could also be used to pass screening tests
designed for human patients, as demonstrated by
Dayan et al. (2024) when they highlighted the po-
tential of such tests to showcase the relative cogni-
tive performance of different LMs.

3 Proposed Methodology

3.1 Research Design

The research will follow a structured framework
repeated for each alteration experiment (see Fig-
ure 2). An alteration approach will be implemented
with the goal of altering the LM in ways that lead
to cognitive decline. The cognitive decline will be
monitored with the assessment module by quantify-
ing the model’s cognitive performance at different
stages of the alteration. The analysis will focus
more on the relative degradation of cognitive perfor-
mance rather than the absolute performance. This
allows us to compare different models while limit-
ing the impact of the model’s initial performance
or lack thereof. It is crucial that this alteration is
gradual; otherwise the cognitive decline would be
too great and would render the study meaningless.

A detection pipeline will be implemented to
leverage the altered models. This pipeline will
serve to compare the different alteration approaches
against each other and the state-of-the-art. Each
model will be saved at different stages, or check-
points, of their alteration (see Figure 3).

We will conclude the study with a preliminary
study of a DT for AD using a longitudinal dataset.
The goal will be to monitor the progression of AD
for specific individuals.

3.2 Data and Tools

Data The Narratives dataset (Nastase et al.,
2021), containing fMRI recordings of 345 sub-
jects listening to 27 stories, will be used primar-
ily for brain-score mapping and normative mod-
eling from healthy subjects. This will be sup-
plemented by the Petit Prince fMRI collections
(Li et al., 2022b; Momenian et al., 2024), provid-
ing story-listening fMRI from young and elderly
healthy adults for aging-related analyses and neu-
robiologically informed alteration. For transcript-
based alteration and evaluation, we will use the
ADReSS dataset (Luz et al., 2020), which contains
picture-description transcripts with a benchmark
split. The Delaware corpus (Lanzi et al., 2023) pro-
vides multi-task discourse transcripts, audio, and
cognitive scores to augment ADReSS. For longi-
tudinal studies, we will use ADReSSo (Luz et al.,
2021) and Pitt Corpus (Becker et al., 1994), which
contain speech/transcript datasets with MMSE as
cognitive assessments. The Baycrest corpus (Kielar
et al., 2016) provides narratives from individuals
with MCI/AD with MoCA and resting-state fMRI.
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Figure 1: Illustration inspired from (Caucheteux et al., 2022), measures the mapping between the subject’s brain
activations and the activations of GPT-2, both elicited by the same narrative. To this end, a linear model is fitted to
predict the brain activity of one voxel Y, given GPT-2 activations X as input. The degree of mapping is called “brain
score”. Brain scores can be averaged across fMRI voxels, and different layers of GPT-2.

Figure 2: The research is designed as an iterated framework. An alteration approach is implemented with the goal of
altering the LM in ways that lead to cognitive decline. The effect of the alteration is monitored with the assessment
module and brain score computation. A detection pipeline is implemented to leverage the altered models.

Figure 3: An altered LM is expected to lose its cognitive
performance over the alteration process. This degrada-
tion is expected to be gradual, allowing us to monitor
the evolution of brain score and cognitive performance
at different stages or "checkpoints".

Finally, the VAS corpora (Liang et al., 2022) and
Connected-speech benchmark (Luz et al., 2024)
provide speech datasets with MoCA/MMSE for
optional acoustic/hybrid detection experiments.

Tools The primary tools for our research include
MoCA (Nasreddine et al., 2005) as the basis for
the assessment module; brain score/neural align-
ment tools implementing the linear-mapping brain
score following Schrimpf et al. (2021) (considering
existing brain-score toolkits where compatible2);
and Hugging Face3 for access to pre-trained LMs
and the Transformers library for model loading and
fine-tuning.

3.3 Implementation Plan

3.3.1 Cognitive and Linguistic Assessment
Module

We will develop a dual-perspective assessment
module to quantify cognitive and linguistic changes
in LMs during alteration, enhancing measurement

2https://brain-score-language.readthedocs.io/
en/latest/

3https://huggingface.co/
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sensitivity and providing redundancy if one per-
spective fails to capture meaningful changes.

Cognitive Performance Assessment We will
adapt the MoCA to evaluate model responses
across cognitive domains. This approach builds
on Dayan et al. (2024), who compared Large Lan-
guage Models (LLMs) using MoCA, and Binz and
Schulz, who showed LLMs can solve cognitive
tasks comparably to humans. The remote admin-
istration paradigm (Wong et al., 2015) simplifies
adaptation for text-based LMs.

Some questions will require adaptation or ex-
clusion due to modality restrictions, with refer-
ence models (e.g., ChatGPT) used to validate
task feasibility before inclusion. Model selection
will balance practical advantages of smaller mod-
els and their extensive brain alignment literature
(Caucheteux et al., 2022) against the need for ade-
quate baseline performance4.

Linguistic Performance Assessment We will
monitor three complementary linguistic metrics to
capture different facets of language degradation.
Perplexity (Goodman, 2001) quantifies predictive
uncertainty, with increases signaling degraded lin-
guistic capability. N-gram diversity (Li et al.,
2016) measures lexical richness, relevant as re-
duced diversity characterizes AD language produc-
tion (Williams et al., 2021). Bert-score (Zhang
et al., 2020) captures semantic preservation using
contextual embeddings, addressing the semantic
impairments central to AD.

Integrated Framework This dual assessment
investigates whether cognitive and linguistic deteri-
oration follow parallel trajectories during alteration
— key to determining if altered models genuinely
simulate AD-like decline. Cognitive scores provide
interpretable, domain-specific measures aligned
with clinical paradigms, while linguistic metrics
offer continuous indicators that may reveal subtle
changes not captured by discrete tasks. Importantly,
this dual-perspective approach provides method-
ological redundancy: if one assessment dimension
proves insufficiently sensitive to capture model
degradation, the other may still provide meaningful
indicators. Together, they strengthen the robustness
of our evaluation framework.

4The brain score language leaderboard could be a useful re-
source for this comparison (see https://www.brain-score.
org/language/leaderboard/)

Figure 4: We use the brain score framework described
in Section 2.4. The trained linear model is applied to
the altered model to compute the brain score delta (the
difference between the brain score of the altered model
and the original model).

3.3.2 Brain score computation and normative
modeling

Our goal is to study the LM activation and explore
the correlation between the LM’s loss of cognitive
performance and the deviation from healthy brain
activity. To do this, we will rely on Schrimpf et al.
(2021) to compute the linear model required for
brain score computation. We will follow the train-
ing strategy proposed by Schrimpf et al. (2021)
which involves a hold-out validation set of 20% of
the dataset and a normalization of the predictivity
scores per ROI. Inspired by the work of Rutherford
et al. (2022), we will implement a normative model.
The idea of normative modeling is to monitor the
behaviors of a single entity or observation against
the expected norm represented by the normative
model. In the case of this proposal, the model will
be used to monitor the change in brain activity after
the alteration process. We will use the "Narratives"
dataset (Nastase et al., 2021) to fit the normative
model. Once trained, the model will be used to
compute the brain score of the altered model, en-
abling us to compute the delta of brain score (see
Figure 4).

3.3.3 Model alteration approaches

We designed an empirical framework where differ-
ent alteration approaches will be compared against
each other: a baseline approach based on neuron
dropout, an approach leveraging transcripts from
individuals with AD to fine-tune LMs, and a neu-
robiologically inspired approach. All alteration
approaches will share a similar implementation
structure; crucially, they will all output multiple
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Figure 5: We expect the brain score to degrade as the
model is altered; this degradation might vary depending
on the layer. This illustration assumes a GPT-2 model
with 12 layers will be used.

versions of the altered model (see Figure 3). The
multiplication of outputs allows us to study the nu-
ances in the evolution of cognitive performance and
brain score, ultimately leading to a better detection
pipeline. The comparative nature of this frame-
work ensures that even if individual approaches
yield weaker-than-expected effects, the differen-
tial patterns across methods will provide insights
into which types of changes in LMs are more or
less effective at simulating cognitive decline, and
which evaluation methods are most sensitive to
these changes. Overall, the alteration process will
share strong similarities with the common training
stage of ML, the difference being that the alteration
process aims to degrade the model’s performance
(in a specific way) rather than improve it. There
is a risk that the capabilities of the selected LM
will drop so significantly that it will render all tasks
impossible to complete. Our aim will be to limit
this risk with small, gradual, alterations.

Baseline Alteration Approach This alteration
approach will serve as a baseline for the approaches
described in the following sections.

The inner connections of neurons within the LM
will be randomly and gradually removed. This is
inspired by a common training regularization tech-
nique called dropout (Srivastava et al., 2014). We
hypothesize that the introduced lesion could lead to
a degradation of the model’s linguistic capabilities
similar to those observed in individuals with AD.
Dropout could also be seen as a biomimetic simula-
tion of known synaptic degradation in certain areas
of the brain (Terry et al., 1991). The viability of
this approach is also strengthened by the work of
Li et al. (2022a), who followed a similar methodol-
ogy to create GPT-D, an altered version of GPT-2

used to reach state-of-the-art performance in AD
classification from textual input. We will monitor
the brain score of the model at different stages of
the alteration process; we expect to observe a brain
score delta that varies depending on the layer being
altered and the degree of ablation (see Figure 5).

Transcript-Based Alteration Approach This
approach fine-tunes the LM on ADReSS transcripts
(Luz et al., 2020) to shift its output toward lan-
guage patterns associated with AD (lexical restric-
tion, simplified structure, repetition). Unlike com-
mon AD detection pipelines that attach or fine-
tune a classifier over the LM (Balagopalan et al.,
2020, 2021; Pan et al., 2021; Ding et al., 2024),
we keep the original next-token objective. We will
use mixed batches of healthy and AD transcripts
with a controlled increase in the AD weighting over
time. This gradual fine-tuning aims to slowly shift
the model’s linguistic capabilities toward those ob-
served in AD while preserving some of its original
functionality. Fine-tuning will stop once significant
cognitive degradation is observed via the assess-
ment module.

This transcript-driven adaptation improves on
the random ablation baseline by providing a more
structured and data-informed approach to model
alteration, potentially leading to more realistic and
clinically relevant cognitive decline patterns. It also
offers a complementary perspective to the neurobi-
ologically inspired approach, which directly targets
model internals based on brain activity patterns
rather than behavioral output.

Neurobiologically Inspired Alteration Approach
We propose a neurobiologically informed alter-
ation of LMs that is rooted in disease-related brain
dysfunction patterns rather than behavioral output.
AD-specific effects and ROIs in the brain will be
derived from the literature and (if available) fMRI.
As a first assessment, the following could serve as
a starting ground for our research: ATL semantic
hub degeneration (Grossman et al., 2003; Domoto-
Reilly et al., 2012; Ralph et al., 2017); disrupted
DMN connectivity (Cha et al., 2013); synapse loss
and dysfunction (Terry et al., 1991; Pelucchi et al.,
2022). Once we have identified the relevant ROIs,
we will use brain score to compute layer similarity
between LM internal states and region-specific ac-
tivity. The designated layer could then be targeted
for alteration; for instance, synaptic lesion could
be simulated.

This approach will share similarities with the
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Figure 6: To detect AD, a text input will be used to
compute the perplexity of both the baseline and altered
model. This approach provides a certainty rating.

baseline approach, but the alteration will be more
targeted and informed by neurobiological data. The
goal is to create a model that not only exhibits cog-
nitive decline but does so in a manner that reflects
known patterns of brain dysfunction in AD.

3.3.4 Detection pipeline
Developed models will be compared in a classifica-
tion task with the goal of properly identifying the
presence (or absence) of the disease from textual
input.

Perplexity-based detection Perplexity is an eval-
uation metric used with LMs (Goodman, 2001). It
computes the likelihood that a LM would have to
generate a certain series of words. The smaller
the perplexity, the more likely it is that the model
would have produced this exact sentence, and vice
versa. In this scenario, we will compute the per-
plexity of multiple models, each representing a
specific point in the alteration process. The ben-
efit of using multiple models at once is that we
will be able to determine for which model the per-
plexity is smallest and, by extension, which step
in the alteration process it represents. We will ag-
gregate the perplexity per token of the input text
for each model. To determine the most likely stage
of the disease, we will convert these values into a
probability distribution using a softmax function
(see Figure 6). This approach enables us to ad-
dress whether effective detection requires different
model characteristics than those that emerge from
simulating cognitive decline; in that sense, null or
weak relationships between alteration degree and
detection performance would still provide valuable

insights into the limitations of the proposed frame-
work and could guide future research toward other
alteration or detection strategies.

Inner network activation-based detection
While perplexity measures output-level surprise,
this approach examines internal processing
stability by analyzing the coherence of hidden
state activations across altered model checkpoints.
This method aligns directly with our brain score
framework by operating on the same layer
activations used for neural alignment analysis. The
hypothesis underlying this method is that text from
an individual with AD will produce more coherent
activation patterns in an appropriately altered
model than in either the baseline or more severely
altered models, creating an "internal resonance"
between input characteristics and model state.

3.3.5 Personalized AD monitoring
To evaluate the potential of altered LMs as DTs,
we will implement a preliminary study using lon-
gitudinal data — ADReSSo (Luz et al., 2021) and
Pitt Corpus (Becker et al., 1994) are good fits. The
dataset will provide speech recordings and cogni-
tive assessments from subjects tracked over multi-
ple time points, enabling us to model cognitive
changes longitudinally. Our approach includes
three key steps: (I) selecting the initial reference
model that best matches each individual’s baseline
cognitive state using our detection pipeline; (II)
performing personalized fine-tuning with the indi-
vidual’s transcripts to create an individual-specific
model; and (III) tracking temporal progression by
updating and comparing the personalized model
against reference models at each time point to map
the trajectory of cognitive decline. This personal-
ized approach allows us to create cognitive DTs
that capture individual-specific language patterns
rather than only population-level features, poten-
tially enabling more sensitive detection of subtle
changes in cognitive function before they become
apparent through traditional assessment methods.

4 Conclusion

The solution offers two key advantages: (I) A non-
invasive detection framework that could be inte-
grated into existing clinical workflows or remote
screening tools. (II) An interpretable model archi-
tecture whose behavior approximates the cognitive
degradation associated with AD. This alignment
could enable researchers to simulate brain-like lan-
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guage processing and use the model as a reference
for low-cost, virtual experiments.

Limitations

This work will have several limitations that will
frame the interpretation of its results. We will not
use task-matched fMRI from AD patients; norma-
tive brain models will be trained on healthy listen-
ers. Consequently, brain-score deltas will quan-
tify deviation from a healthy reference rather than
disease-specific effects, and generalization across
cohorts, languages, and tasks will remain uncertain.
Additionally, inter-individual variability in fMRI
responses presents a challenge; we will leverage
datasets providing both spatially smoothed and non-
smoothed outputs (Nastase et al., 2021), as smooth-
ing can improve cross-subject alignment at the ex-
pense of spatial specificity. Moreover, brain-model
alignment will be correlational: brain score will
rely on linear mappings, so high predictivity will
not imply mechanistic equivalence, and layer-ROI
associations will be interpreted cautiously. The
MoCA-inspired protocol will be adapted to text-
only interaction and will omit visiospatial items;
scores will therefore reflect task performance un-
der this interface rather than a clinical diagnosis
and may depend on model size, prompting, and
calibration.

The alteration strategies will approximate as-
pects of language decline and cognitive impair-
ment, but their capacity to act as faithful disease
models remains to be established. If alterations do
not adequately reflect the neurobiological changes
associated with AD, or if brain alignment metrics
prove insufficiently sensitive to capture cognitive
decline nuances, this would reveal fundamental
constraints in current approaches. Similarly, while
alterations may measurably impact cognitive per-
formance, they may not necessarily enhance clas-
sification performance, potentially indicating that
effective detection requires balancing simulation re-
alism with practical utility. For personalized mon-
itoring, the amount of available individual data
may be insufficient to capture meaningful longi-
tudinal changes, and inter-individual variability in
language patterns may limit the effectiveness of
few-shot adaptation for progression tracking.

Nevertheless, even if primary hypotheses are
not fully supported, the study will yield valuable
insights. The comparative nature of our frame-
work ensures that differential patterns—such as

linguistic metrics showing stronger correlations
with brain alignment than cognitive tasks, or cer-
tain alteration methods proving more effective than
others—would provide actionable guidance for fu-
ture research. The analysis across multiple alter-
ation approaches and assessment dimensions will
identify which methods are more biologically plau-
sible and which evaluation strategies are most sen-
sitive to cognitive changes. Even uniformly weak
relationships would be informative: they would
suggest that the neural alignment observed in prior
studies for healthy language processing does not
extend straightforwardly to pathological conditions,
revealing fundamental limitations in current LM
architectures for modeling disease states. Such find-
ings would establish boundaries of LM capabilities
in simulating human cognitive processes, guide fu-
ture research toward more biologically plausible
methods, inform which evaluation strategies are
most appropriate for cognitive decline assessment,
and help design next-generation models that bal-
ance simulation fidelity with practical detection
performance.
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